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This paper identiﬁes the risks for the functionality and reliability of the grid that arise from the integra-
tion of the transport and supply chain. The electriﬁcation of transport is a promising option for the tran-
sition to a low carbon energy and transport system. But on the short term, the electriﬁcation of transport
also creates risks. More speciﬁcally, when promising technological such as vehicle-to-grid and smart-
grids are not yet available on a large scale, the rapid diffusion of electric vehicles and the recharging
behaviour of consumers can create risks for grid functioning. In order to assess these risks, this paper
present a GIS-based simulation method that assesses electricity demand and supply on the neighbour-
hood level. The paper combines local level electric vehicle diffusion forecasts, with neighbourhood level
data about the grid additional capacity. Application of the model to the Netherlands shows that risks for
grid functioning already appear as early as 2015. More speciﬁcally, the diffusion of electric vehicles is
found to compromise the functioning of the grid on the short term in densely populated areas such as
Amsterdam. In these neighbourhoods early and fast adoption of electric vehicles coincides with the pres-
ence of an older grid with less additional capacity. The model provides insights for grid operators as well
as for policy makers that seek to stimulate the transition to sustainable energy and transport systems,
and can be used as a strategic tool to plan (smart) grid investments.
 2014 The Authors. Published by Elsevier Ltd. Open access under CC BY-NC-ND license.1. Introduction
The electriﬁcation of transport is widely considered a promising
option for the transition to a low carbon energy and transport sys-
tem. The envisioned beneﬁts are largest when the deployment of
electric vehicles is combined with the deployment of renewable
and other low-carbon energy technologies such as solar panels
and wind turbines [1,2]. This low-carbon transition requires anintegration of the energy and transport supply chains. In the new
integrated supply chain the energy grid changes from a one-way
hierarchical grid to a two-way, more interactive (smart) grid with
distributed renewable energy as a source of supply and electric
vehicles as a (ﬂexible) source of demand as well as a storage
option.
Such smart grid solutions are also necessary to ensure grid
functioning when a large number of electric vehicles will be con-
nected to the existing grid. While several earlier studies assume
that the diffusion of electric vehicles will be slow enough for capac-
ity planning to respond adequately, and that vehicle charging will
coincide with the supply of energy from renewable sources or take
place during off-peak hours [3,4], the diffusion of EV is outpacing
the implementation of smart grid technology in many countries
and concerns about grid functioning are increasing [5–8]. For
J.W. Eising et al. / Applied Energy 123 (2014) 448–455 449example in the Netherlands, the diffusion of electric vehicles is
rapidly growing,1 supported by ambitious policy scenarios [9,10],
while recharging data shows that the early adopters mostly recharge
their electric vehicles during times of existing peak demand.2 More
research is needed on the possibilities to inﬂuence the recharging
behaviour of electric vehicle adopters, but on the short term the ef-
fect of electric vehicle diffusion could thus be a substantial increase
in peak demand. On the middle- and long-term, smart grid solutions
are a promising option to mitigate these effects. However, grid fail-
ures in the early days of electric vehicle diffusion might also nega-
tively affect user acceptance and thereby the diffusion of these
technologies on the long term [11]. Identifying the risks that arise
from the integration of the energy and transport system is necessary
in order to plan the location and timing of grid investments and the
implementation of smart grid technologies and thereby ensuring
grid reliability on the long term.
Current country-level scenarios for the diffusion of electric
vehicles may underestimate these risks for grid reliability as they
do not take into account local heterogeneity. More speciﬁcally,
the local diffusion of electric vehicles is characterised by large dif-
ferences between geographical areas and this heterogeneity on the
local level is expected to increase in the future [12–14]. The ex-
pected additional energy demand from electric vehicles as pre-
dicted in the national scenarios is thus unevenly distributed,
with areas of very high as well as areas with low increases in addi-
tional energy demand. This heterogeneity could amplify the risks
for the functioning and reliability of the grid. Moreover, the load-
availability of the grid is also characterised by an unbalanced geo-
graphical distribution. As a consequence, the risks for grid func-
tioning and reliability are expected to be higher and more
imminent when neighbourhoods with lower grid additional capac-
ity are facing a faster local diffusion of electric vehicles than the na-
tional-scale scenarios [6].
In order to assess these risks, the impact of the diffusion of elec-
tric vehicles needs to be assessed on a smaller scale than in the cur-
rent studies [3,7,14]. This paper therefore combines local level
diffusion forecasts (estimated from current local diffusion and
neighbourhood characteristics), with local level GIS data about
the grid additional capacity in order to identify the energy security
risks that arise during the transition of the transport system. We
thereby extend earlier studies of the local diffusion of electric vehi-
cles [15] by also taking into account supply side characteristics,
and earlier stylized simulation models [16–20] by integrating GIS
based data in our simulation. We present our method using a un-
ique dataset provided by Dutch grid operator Liander. Liander is
the largest grid operator of the Netherlands, supplying electricity
to 37% of the households in the Netherlands through over 40,000
medium voltage/low voltage transformer (MV/LV) substations.
We base our simulation on current data about EV diffusion and en-
ergy demand, for two reasons. First, this conservative scenario
gives us an accurate description of short term risks. Second, the
outcomes of the simulations will provide guidance to the relative
advantages of the local implementation of smart grid technologies
and infrastructure investments, and to the relative disadvantages
of local diffusion of fast-charging stations. In summary, the pro-
posed method will help grid operators to better plan the location
and timing of (smart) investments in order to mitigate the risks
associated with the diffusion of electric vehicles.
The remainder of the paper is organised as follows. Section 21 NL Agency [Internet]. Cijfers Elektrisch Vervoer. Ministry of Economic Affairs
[update 2013 May 14; cited 2013 June 10] available from: <http://www.agents-
chapnl.nl/onderwerp/cijfers-elektrisch-rijden>. Dutch.
2 E-laad [Internet]. Opladen elektrische auto’s zorgt voor piekbelastingen [update
2013 May 16; cited 2013 June 10] Available from: <http://www.e-laad.nl/sub-
menunieuws/424-opladen-elektrische-autos-zorgt-voor-piekbelastingen>. Dutch..provides a brief introduction to the diffusion of infrastructure
dependent technologies. Sections 3 and 4 presents the data and
the methods used. Section 5 presents the results of the simulation.
Section 6 concludes and discusses the presented results and
method.2. The diffusion of infrastructure dependent technologies
Innovation diffusion processes often follow an S-shaped pattern
as described by Fisher and Pry (FP) [21]. The FP model predicts the
diffusion of a technology using the following model:
f ¼ 1=2ð1þ tanhaðt  thÞÞ ð1Þ
where a is half the annual fractional growth in the early years of dif-
fusion, th is the time at which the diffusion has reached 50% and f is
the fraction of the potential market that is substituted by the new
technology. Grübler [22] has applied the FP model to the diffusion
of infrastructure dependent technologies, such as vehicles. Using
empirical data, he showed that the diffusion of a successful new
technology and its infrastructure are interdependent and follow a
similar S-shaped curve of diffusion, but that the diffusion of infra-
structure often precedes the of the technology. Insights in the diffu-
sion patterns of EV may thus also provide insights regarding the
desired patterns of (smart grid) infrastructure investments.
The cumulative adoption curve as modelled by FP is the out-
come of the aggregation of the individual adoption decisions of
consumers. As consumers are heterogeneous, the exact shape of
the curve may vary considerably according to geographical area.
In his work on individual adoption processes Rogers [23] has iden-
tiﬁed ﬁve consecutive adopter categories, ranked by innovative-
ness: innovators, early adopters, early majority, late majority and
laggards. He thereby models innovation as a social process where
earlier adopters inﬂuence later adopters. Rogers has empirically
identiﬁed the following group sizes for the different adopter cate-
gories: 2.5% innovators, 13.5% early adopters, 34% early majority,
34% late majority and 16% laggards. Generally the innovators and
the early adopters, the ﬁrst consumers that adopt a technology,
are characterised by a higher income and a higher social status
[23]. This was also found to be true for the early adopters of electric
vehicles [15].
One of the mechanisms through which early adopters of an
innovation inﬂuence the adoption decision of later adopters is
through the increased observability of the innovation [23]; con-
sumers are more likely to adopt a technology they can actually ob-
serve in their environment. Spatial remoteness between
consumers, as in sparsely populated rural areas, decreases the
observability of a technology and thereby negatively inﬂuences
the adoption decision of a consumer [24]. Urbanisation, in contrast,
has a positive inﬂuence on the adoption decision of a consumer, as
was also observed for the diffusion of plug-in electric vehicles [15].
An additional factor is that for clean fuel cars in general, and for
electric vehicles in particular, adoption is more likely if the house-
hold already owns another vehicle [25,26]. In addition, Schuitema
et al. [25] suggest that the refuelling range of a vehicle, a consider-
able disadvantage of current electric vehicles, is of less important
when buying a second car compared to a ﬁrst car.3. Data
3.1. Infrastructure
Electric vehicles are charged using charging stations. In the
Netherlands the early diffusion of electric vehicles was stimulated
as initially most models were sold including a complementary
private charging station or a free public charging station. These
Fig. 1. S-shaped diffusion scenarios for electric vehicles in the service area of Liander using the Fisher–Pry model. The medium growth scenario is in line with Dutch policy
targets (FP estimate for a is 0.2 and th is 2027).
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home of the vehicle’s owner. The charging stations use the existing
grid for their energy supply. The electricity grid is thus a new com-
ponent in the transport supply chain although it is already an
important and well developed component in the electricity supply
chain. Compared to other countries, the Dutch grid is one of the
best performing grids, as indicated by the low number of interrup-
tions per year per customer [27]. Although the overall quality of
the grid is excellent, the additional capacity of the grid varies con-
siderably between MV/LV substations.
In order to identify to what extent current local grids can sup-
port the expected local diffusion of electric vehicles, and the corre-
sponding additional demand of electricity, we identify the
currently available local additional capacity of the grid. This paper
uses grid capacity data provided by Liander N.V., the largest distri-
bution service operator in the Netherlands. For each MV/LV substa-
tion, our dataset gives the 2012 values for the peak load in kVA,
this is the highest peak demand of energy, the nominal capacity
in kVA (this is the installed capacity), and the geographical loca-
tion. The additional capacity depends on the nominal capacity of
the MV/LV substation and the registered peak load. The peak de-
mand and the installed capacity differ per MV/LV substation and
therefore the additional capacity differs also per MV/LV substation.
The peak demand is kept constant for the duration of the simula-
tion. This is in line with the trend for the Netherlands over the past
six years [28].
The additional capacity ﬂuctuates over time. Unfortunately, the
current peak demand of electric vehicle charging stations coincides
with current overall peak demand. This is because electric vehicle
owners are mostly charging their vehicles when they arrive at
home at the end of the day.3 Therefore this paper will assess the im-
pact of the electric vehicle during the current peak of energy
demand.
3.2. Technology
Two main types of electric vehicles can be distinguished: plug-
in hybrid electric vehicles and full electric vehicles, and currently
more than 20 different models are available on the market. These
models share that they have ‘‘a battery storage system of 4 kWh or
more, a means of recharging the battery from an external source,
and the ability to drive at least 10 miles in all electric mode’’ [29, p.
544]. The electric vehicle ﬂeet has been rapidly growing from3 E-laad [Internet]. Opladen elektrische auto’s zorgt voor piekbelastingen [update
2013 May 16; cited 2013 June 10] Available from: <http://www.e-laad.nl/sub-
menunieuws/424-opladen-elektrische-autos-zorgt-voor-piekbelastingen>. Dutch.1063 vehicles in 2011 to 6244 vehicles in 2012. In this research
we use a dataset provided by the Dutch vehicle-licensing agency
(RDW), which includes all electric vehicles and plug-in hybrid
vehicles registered in the Netherlands up to and including Decem-
ber 2012 [30]. For each vehicle, the dataset gives information on:
registration date, vehicle tyThese models share that they have pe,
and postcode (4-digit level) of the vehicle owner.
The rapid growth ﬁgures create positive expectations about the
further diffusion of electric vehicles and are in line with Dutch pol-
icy goals. Current policy targets are set at 20,000 electric vehicles
in 2015, 200,000 in 2020 and 1,000,000 in 2025 [9]. This paper uses
three scenarios for future EV diffusion: high growth, low growth
and medium growth, Fig. 1 shows the corresponding FP curves.
The scenarios are adapted to the size of the service area of Liander
[9,31]. The medium growth scenario is in line with Dutch policy
targets (FP estimate for a is 0.2 and th is 2027). The high and low
growth scenarios use the same parameter values but differ with re-
spect to the ﬁnal diffusion of electric vehicles.3.3. Neighbourhood level of adoption determinants
In order to analyse the local consumer characteristics that inﬂu-
ence electric vehicle adoption, we use neighbourhood level data on
income, social status, remoteness (urbanisation), second car own-
ership and observability of electric vehicles provided by Statistics
Netherlands and the Netherlands Institute for Social Research
[32–34]. The number of electric vehicles in each neighbourhood
in 2011 will be used as an indicator for the local observability of
electric vehicles (RDW [30]). Using the 4-digit postcode classiﬁca-
tion, the Netherlands is divided into 4103 neighbourhoods, 1596 of
which lie within the Liander service area. On average, a neighbour-
hood consists of 1830 households and 4095 inhabitants.
Table 1 shows the inﬂuence of the different determinants dis-
cussed in Section 3.2 on electric vehicle diffusion using a multiple
stepwise-regression model. In this model the car ﬂeet has the high-
est explanatory effect as shown by the R2 variable value of 0.216,
this corresponds for the neighbourhoods with a coefﬁcient of
0.000290. The level of electric vehicles can thus be best explained
by the amount of vehicles registered in that neighbourhood. The
other determinants have considerably lower R-square values but
combined they account for almost 24% of the overall explanatory
effect of this regression model (Table 1). The positive values of
the standardised coefﬁcients in Table 1 show that all signiﬁcant
and substantial determinants have a positive effect on adoption.
These coefﬁcients are in Section 4.2 used to determine a normal
distribution of the different neighbourhoods. The determinant so-
Table 1
Stepwise regression model illustrating the relation between household and neighbourhood characteristics and electric vehicle diffusion.
Model Independent variables R2 Total R2 Variable % of Total F-value Coefﬁcients Signiﬁcance
1 Car ﬂeet 0.216 0.216 76.33 932.109 0.000290 0.000
2 Observability 0.249 0.033 11.66 560.136 0.510625 0.000
3 Income 0.265 0.016 5.65 405.886 0.022952 0.000
4 Second car 0.269 0.004 1.41 310.964 2.642072 0.000
5 Urbanisation 0.283 0.014 4.95 266.422 0.000165 0.000
6 Social status – – – – – 0.671
Dependent variable: electric vehicles per neighbourhood (postcode 4-level) sold in 2012.
N: 3378.
J.W. Eising et al. / Applied Energy 123 (2014) 448–455 451cial status does not have signiﬁcant and substantial effect on the
adoption of electric vehicles and is therefore excluded from our
simulations. These determinants are incorporated in the model de-
scribed in the next section.4. Methodology
Fig. 2 presents an overview of the methodology. In order to as-
sess the risks for the functioning and reliability of the electricity
grid through the large-scale adoption of electric vehicles we ﬁrst
calculate the additional capacity per neighbourhood (Section 4.1)
and then simulate the expected local demand (Section 4.2)
4.1. Supply side
We calculate the additional capacity per MV/LV substation
using data on the current peak-load (Pmax) and nominal capacity
(Pn) per MV/LV substation. Currently, electric vehicles are charged
using single-phase charging stations with a maximum capacity of
4 kVA (PEV). As not every electric vehicle is charged at the exact
same time, it is common in grid planning to use a coincidence fac-
tor. The grid operators in the Netherlands are currently using a
coincidence factor (g) of 0.4 for electric vehicles indicating that atFig. 2. Overview of the methodology, which comprises three main steps: calculat-
ing the additional capacity per neighbourhood, simulation of expected local
demand and a comparison of the results to classify the risks.most 2 out of 5 charging stations are used simultaneously. This
leads to the following equation for the carrying capacity of a sub-
station (#EVsub):
#EV sub ¼ ðPn  PmaxÞ=ðg  PEV Þ ð2Þ
Using the geographical locations of the MV/LV substations we
then aggregate the substation capacities to calculate the carrying
capacity per neighbourhood.
4.2. GIS-based simulation model
Fisher and Pry (1972) explain that the diffusion of technologies
follows an S-curve pattern, where the diffusion is determined by th
and a in Eq. (1). This equation will also be used to determine local
diffusion S-curves of electric vehicles. The average size of postcode
areas makes it possible to apply the S-curve methodology at the lo-
cal level. The F&P model is a model for fractional growth; we will
use the following equation to calculate the absolute growth per
neighbourhood:
DiffusionðtÞ ¼ 1=2ð1þ tanhaðt  thÞÞ  local adoptionmax ð3Þ
The next step is to determine the parameters th, a and local
adoptionmax for every neighbourhood. Our dataset also provides
the nation number of internal combustion vehicles (national car
ﬂeet) and the vehicles that are registered in a neighbourhood (local
car ﬂeet). This number and the maximum national adoption (total
adoptionmax), which for the three scenarios can be derived from
Fig. 1, are used to determine the maximum local adoption (local
adoptionmax) for each neighbourhood:
Local adoptionmax ¼ total adoptionmax=national car fleet
 local car fleet ð4Þ
The year at which the diffusion has reached 50% (th) depends on
the start time (t0) of the diffusion and the duration (T) of the diffu-
sion process:
th ¼ t0 þ 0:5T ð5Þ
Following the scenarios depicted in Fig. 1 and the Dutch policy
goals we set T at 37 years (until 2050) This is in line with research
on transitions that shows that transitions often take decades to
complete [22]. The start time for the diffusion process in each
neighbourhood is derived from the dataset as follows: Neighbour-
hoods without any electric vehicles are randomly assigned a start
time in the next 3 years (e.g., 2013, 2014, or 2015). As explained
in Section 2, the local diffusion of electric vehicles is inﬂuenced
by the observability of a technology, but this observability does
of course not stop at the border of the neighbourhood. Therefore
the starting time of neighbourhoods without electric vehicles is
also inﬂuenced by the situation in adjacent neighbourhoods. When
adjacent neighbourhoods have already adopted an electric vehicle,
this positively inﬂuences the model t0 of the neighbourhoods with-
out electric vehicles by reducing the randomly assigned starting
time. Thereby adjacent neighbourhoods, which have adopted elec-
Table 2
Adoption threshold and corresponding a values per adopter category.
Adopter category (% of total) Adoption threshold score a
Innovator (2.5%) ATP 2.83 0.10
Early-adopter (13.5%) 2.83 > ATP 2.44 0.15
Early-majority (34%) 2.44 > ATP 2.25 0.175
Late-majority (34%) 2.25 > ATP 2.06 0.225
Laggards (16%) 2.06 > ATP 0.85 0.25
Fig. 3. Overview of the risks for the functioning of the electricity grid that arise from the diffusion of electric vehicles for different scenarios.
Table 3
Overview of main parameters used in the simulation model.
Parameter Value (s)
t0 2008–2015
T 37 years
a 0.1–0.25
Total adoptionmax 0.5, 1.1 and 1.8 million
Total carﬂeet 3.2 million
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2 years and adjacent neighbourhoods, which have adopted the ﬁrst
electric vehicles in 2009, will reduce this by 1 year.
The next step is to determine the value of a, which determines
the slope of the S-curve, for each neighbourhood. This is done with
the help of adoption thresholds. The determinants of the adoption
of electric vehicles by consumers as identiﬁed in Table 1 differ per
neighbourhood and the local values will be used to determine the a
for each neighbourhood. The coefﬁcients of the variables income
(I), second car (SC) and urbanisation (U) (Table 1) were used to cre-
ate a positive adoption threshold (AT) for every neighbourhood
using the following equation:
AT ¼ 0:022952  Iþ 2:642072  SCþ 0:000165  U ð6Þ
The resulting normal distribution of individual thresholds is
used to divide the neighbourhoods into the ﬁve adopter-categories
as proposed by Rogers [23]. These categories are then used to as-
sign the neighbourhoods different a values with an overall average
of 0.2, corresponding to the a of the national level scenario (Ta-
ble 2). The value for a is thus lower in neighbourhoods which are
characterised by a higher income and/or more second cars and/or
a higher degree of urbanisation. As a consequence, the S-curve is
steeper for these neighbourhoods.
Eq. (3)and the corresponding values of the neighbourhoods are
input for the GIS-based simulation model, and are used to forecast
the local demand resulting from electric vehicle adoption. The
simulation model was run for 37 time steps, corresponding toTable 4
Summary of simulation outcomes for the Netherlands. In some neighbourhoods problems
Time High Scenario Medium Scenario
# Of overloaded
postcode areas
% Of overloaded
postcode areas
# Of overloaded
postcode areas
2015 7 0.4 5
2020 34 2.1 19
2025 172 10.8 94
2030 412 26.5 274
Total number of postcodes areas: 1596.
Table 5
Summary of simulation outcomes for North-Holland. In some neighbourhoods problems fo
Time High Scenario Medium Scenario
# Of overloaded
postcode areas
% Of overloaded
postcode areas
# Of overloaded
postcode areas
2015 5 1.1 4
2020 26 5.6 12
2025 145 31.0 77
2030 278 59.4 219
Total number of postcodes areas: 468.
Table 6
Summary of simulation outcomes for Amsterdam. The short term risks for the functioning
Time High Scenario Medium Scenario
# Of overloaded
postcode areas
% Of overloaded
postcode areas
# Of overloaded
postcode areas
2015 5 6.2 4
2020 14 17.3 8
2025 31 38.3 23
2030 40 49.4 40
Total number of postcodes areas: 81.1 year, and 20 runs of the experiments were performed for each
scenario. Table 3 gives an overview of the main parameters used
in the simulation model for the service area of Liander.5. Results
This section compares the outcome of the simulation model
with local grid capacity, in order to assess the risks for the electric-
ity grid. The section starts with an overview of the entire service
area of Liander (approximately 37% of households in the Nether-
lands). In order to illustrate the regional risks for the supply chain
we also present an overview of the impact on the province of
North-Holland; one of the largest and most densely populated
provinces with 2.7 million inhabitants, including the capital city
of the Netherlands, Amsterdam. Section 5.3 further zooms in on
the local risks for the supply chain and presents results for the
municipality of Amsterdam.5.1. The Netherlands
Fig. 3 and Table 4 present the overall results of our analysis. The
additional capacity of the MV/LV stations of Liander is approxi-
mately the equivalent of 1.77 million electric vehicles. Under the
assumption of a homogeneous geographical distribution of these
vehicles as used in the country level scenarios this number would
not be reached until 2036 in the high growth scenario. Our localfor the grid due to electric vehicle diffusion may already arise on the short term.
Low Scenario
% Of overloaded
postcode areas
# Of overloaded
postcode areas
% Of overloaded
postcode areas
0.3 2 0.1
1.2 8 0.5
5.9 53 3.3
17.2 144 9.0
r the grid due to electric vehicle diffusion may already arise on the short term.
Low Scenario
% Of overloaded
postcode areas
# Of overloaded
postcode areas
% Of overloaded
postcode areas
0.9 2 0.4
2.6 5 1.1
16.5 40 8.5
46.8 119 25.4
of the grid due to electric vehicle diffusion are highest in this area.
Low Scenario
% Of overloaded
postcode areas
# Of overloaded
postcode areas
% Of overloaded
postcode areas
4.9 2 2.5
9.9 5 6.2
28.4 18 23.3
49.4 29 35.8
454 J.W. Eising et al. / Applied Energy 123 (2014) 448–455level results presented in Table 4, however, indicate that problems
can already be expected as early as 2015, even when following a
low growth scenario. The results also indicate that in most post-
code areas the quality of the grid is sufﬁcient to support the diffu-
sion of electric vehicles, but Fig. 3 shows that there are clear
regional differences between North-Holland and other parts of
the Netherlands.
5.2. North-Holland
Fig. 3 and Table 5 show the overall results for North-Holland.
The additional capacity of the MV/LV stations of Liander in
North-Holland is approximately the equivalent of 220,000 electric
vehicles divided over 468 postcode areas. For a province which
houses 16.3% of the 16.7 million Dutch citizens, this is a relatively
low capacity. In line with the result for the entire service area, Ta-
ble 5 shows that capacity problems occur as early as 2015 in all
scenarios. In 2020 the capacity problems rapidly growing and of
the overloaded postcode areas in the entire service area, more than
half are located in North Holland. This can be explained by the rel-
atively high population density combined with an older grid archi-
tecture. Technologies such as smart-grids and vehicle-to-grid
solutions that mitigate these risks are currently seen as a viable op-
tion for the middle to long term and the simulation outcomes for
2030 underline the need for these measures. The grid capacity
problems may be aggravated if fast-charging takes off and con-
sumer charging behaviour remain unchanged.
5.3. Amsterdam
Fig. 3 and Table 6 present the simulation results for the city of
Amsterdam. The additional capacity of the MV/LV stations of Lian-
der in Amsterdam is approximately the equivalent of 15,000 elec-
tric vehicles divided over 81 postcode areas. This is a relatively low
capacity for a municipality with more than 800,000 inhabitants.
Amsterdam gives a good insight when on the short term an above
average local diffusion scenario is combined with an older grid
architecture. Therefore the postcode areas where substations are
overloaded in 2015 are mainly situated in the municipality of
Amsterdam. The showed percentages on the short term are there-
fore also substantially higher in comparison with the percentages
of the entire service area and the province.6. Discussion and conclusions
In this paper we presented a model to identify the risks for the
functioning and reliability of the electricity grid that arise from the
integration of the transport and energy supply chains. More specif-
ically, we introduced a GIS-based simulation model and combined
this with an analysis of the reliability of the existing electricity dis-
tribution network. The paper thereby translates national level dif-
fusion scenarios to the neighbourhood level. The simulations show
the importance of this new approach as on this neighbourhood le-
vel problems for grid reliability may already arise as early as 2015.
More speciﬁcally, in densely populated areas such as the city of
Amsterdam the additional demand from electric vehicles may al-
ready exceed the capacity of the local electricity grid on the very
short term, i.e., as early as 2015. This is explained by the fact that
in these neighbourhoods early and fast adoption of electric vehicles
coincides with the presence of an older grid with less capacity.
Our simulations use a conservative set of assumptions, keeping,
technological development of the electric vehicle, charging infra-
structure and electricity infrastructure at the current level. As a
consequence, our model outcomes are most relevant for the short
term, and the long term outcomes should be considered as indica-tors for the local priorities of grid investments. Several on-going
developments can either alleviate or aggravate the problems with
grid functioning on the long term: On the one hand, advances in
smart grid technology, investments in the electricity infrastruc-
ture, vehicle to grid technology, and incentives targeting consumer
behaviour in smart grids can signiﬁcantly reduce the risks for grid
functioning [7,8,35]. Such measures may increase grid capacity di-
rectly, or indirectly by reducing peak demand and stimulating
charging during off-peak periods. A challenge hereby is to create
the (price) incentives for consumers in such a way that these will
not reduce user acceptance of electric vehicles and thereby slow
down diffusion.
On the other hand, advances in charging technology and the dif-
fusion of other energy -intensive technologies such as heat pumps
might aggravate problems for grid functioning. The current stan-
dard for the charging of electric vehicles is 1-phase charging with
a maximum load capacity of 4 kVA. Consumers consider the long
charging time of electric vehicles as a disadvantage and the expec-
tation is that charging technology will increasingly use a 3-phase
system with a maximum load capacity of 12 kVA. Without changes
in consumer behaviour this could increase the possible risks
considerably. This transformation of the charging infrastructure
is currently on-going whereas risk mitigating technologies are
not yet available on the market.
The simulation model provides useful insights for grid
operators who are responsible for grid functioning and reliability
and allows them to strategically direct investments of common
technological solutions. As the Dutch grid internationally stands
out for its relatively low level of service disruptions, the proposed
method might also be particularly valuable for countries with a
lower grid quality. If such countries would experience a rapid dif-
fusion of electric vehicles the risks could be more imminent than in
the case of the Netherlands.
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